Motivation: With the decreased cost of RNA-Seq, an increasing number of non-model organisms have been sequenced. Due to the lack of reference genomes, de novo transcriptome assembly is required. However, there is limited systematic research evaluating the quality of de novo transcriptome assemblies and how the assembly quality influences downstream analysis. Results: We used two authentic RNA-Seq datasets from Arabidopsis thaliana, and produced transcriptome assemblies using eight programs with a series of k-mer sizes (from 25 to 71), including BinPacker, Bridger, IDBA-tran, Oases-Velvet, SOAPdenovo-Trans, SSP, Trans-ABySS and Trinity. We measured the assembly quality in terms of reference genome base and gene coverage, transcriptome assembly base coverage, number of chimeras and number of recovered full-length transcripts. SOAPdenovo-Trans performed best in base coverage, while Trans-ABySS performed best in gene coverage and number of recovered full-length transcripts. In terms of chimeric sequences, BinPacker and Oases-Velvet were the worst, while IDBA-tran, SOAPdenovo-Trans, Trans-ABySS and Trinity produced fewer chimeras across all single k-mer assemblies. In differential gene expression analysis, about 70% of the significantly differentially expressed genes (DEG) were the same using reference genome and de novo assemblies. We further identify four reasons for the differences in significant DEG between reference genome and de novo transcriptome assemblies: incomplete annotation, exon level differences, transcript fragmentation and incorrect gene annotation, which we suggest that de novo assembly is beneficial even when a reference genome is available.
Introduction
Next-generation sequencing of RNA, is a sequencing technology that directly determines the sequence cDNA, and is often used to quantify the expression level of an entire transcriptome in a single experiment (Wang et al., 2009) . As the cost of sequencing has plummeted in recent years, an increasing number of non-model organisms, for which there are no available reference genomes, have been the subject of RNA-Seq experiments, generally with the goal of identifying differentially expressed genes (DEG). Identifying DEG requires a reference transcriptome, a catalog of all of the transcripts that may be relevant to the particular experiment. This reference transcriptome may be derived from a whole genome assembly, an V C The Author 2016. Published by Oxford University Press. All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com approach used by programs such as Cufflinks (Trapnell et al., 2010) . We call this type of analysis a reference genome-based analysis. When a reference genome is not available, a de novo transcriptome assembly can be used. There are many programs available for de novo transcriptome assembly including BinPacker (Liu et al., 2016) , Bridger (Chang et al., 2015) , IDBA-tran (Peng et al., 2013) , Mira (Chevreux et al., 1999) , Oases-Velvet (Schulz et al., 2012; Zerbino and Birney, 2008) , SOAPdenovo-Trans (Luo et al., 2012; Xie et al., 2014) , SSP (Safikhani et al., 2013) , Trans-ABySS (Robertson et al., 2010; Simpson et al., 2009) and Trinity (Grabherr et al., 2011) . These programs generally use similar approaches based on de Bruijn graphs for transcriptome assembly, but differ widely in the number of transcripts and genes they predict. The quality and character of the assembled transcriptome, naturally, has a great effect on the downstream analysis of differential gene expression.
While several collaborations have examined quality of genome assembly programs, for instance Assemblathon 1 and 2 (Bradnam et al., 2013; Earl et al., 2011) and the Genome Assembly Gold-standard Evaluation (GAGE) (Salzberg et al., 2012) , there have been relatively few efforts to evaluate transcriptome assembly. A comparison of 14 transcript reconstruction methods using RNA-Seq showed wide variations among programs (Steijger et al., 2013) , but most of the programs evaluated were reference genome-based; only Oases-Velvet was a de novo transcriptome assembly program. Another study compared de novo assemblies produced using Trinity and SOAPdenovo-Trans, using simulated data from Zebra finch (Vijay et al., 2013) , but did not examine the relative performance of the programs on real RNA-Seq data. Similarly, Neil and Emrich (2013) used simulated reads from Drosophila melanogaster to examine the performance and quality of assemblies using Newbler (Roche), a program originally designed for DNA sequence assembly. Only one study comparing the four most widely used packages, Oases, Trinity, Trans-ABySS and SOAPdenovoTrans has appeared, but this study only focused on the quality of the assembly and not on downstream analysis (Yang and Smith, 2013) .
More recently, two studies have developed software to evaluate transcriptome assemblies using probabilistic models (Li et al., 2014; Smith-unna et al., 2015) . However, the scores from statistical models do not explain biological concepts. Taken together, there is only a limited amount of systematic research evaluating the quality of de novo transcriptome assemblies, and very little on the effect of the transcriptome assembly quality on downstream differential expression analysis. Furthermore, many of the available comparisons are based only on simulated data that is generally less complex and noisy than real biological data.
In this study, in order to better reflect the real world, we used authentic RNA-Seq data from two Arabidopsis thaliana studies (Lai et al., 2014; Zhu et al., 2014) to examine the effect of transcriptome assembly programs on both assembly quality and differential gene expression analysis. We chose Arabidopsis because its reference genome is well annotated, and more importantly, we obtained datasets for which biological analyses of differential gene expression have already been published (Lai et al., 2014; Zhu et al., 2014) , providing us with an expertly curated gold standard. The first goal in this research is to compare the de novo transcriptome assemblies created by eight currently available programs, namely BinPacker (Liu et al., 2016) , Bridger (Chang et al., 2015) , IDBA-tran (Peng et al., 2013) , Oases-Velvet (Schulz et al., 2012; Zerbino and Birney, 2008) , SOAPdenovo-Trans (Luo et al., 2012; Xie et al., 2014) , SSP (Safikhani et al., 2013) , Trans-ABySS (Robertson et al., 2010; Simpson et al., 2009) and Trinity (Grabherr et al., 2011) . We evaluated assembly quality through the number of predicted transcripts, base coverage, gene coverage, the presence of chimeric transcripts, number of recovered full-length genes, Detonate score and alignment rate. In addition, we also examined the effects of k-mer size in IDBA-tran, Oases-Velvet, SOAPdenovo-Trans, Trans-ABySS and Trinity in order to explore the best choice of k-mer size in transcriptome assembly. The second goal of this paper is to investigate the effect of transcriptome assembly on the downstream differential gene expression analysis. The main advantages of our approach are its coverage of a wide range of available software, use of authentic biological data, and evaluation of both assembly quality and the effects of the transcriptome assembly on differential gene expression analysis.
Methods

RNA-seq data
RNA-seq data from three Arabidopsis thaliana genotypes were used in this study: a wildtype Col-0 and two loss-of-function mutants, cdk8 and med18. RNA was extracted from two time points (0h and at 36h after pathogen treatment). There were two biological replicates at each time point for each sample. As a result, there were 12 libraries sequenced using the Illumina TruSeq approach. The sequencing data had been submitted to NCBI Sequence read archive under accession code SRP033777 (Lai et al., 2014) .
Quality control andtranscriptome assembly
The adapter sequences and low quality portions of reads were removed using Trimmomatic (version 0.32) program (Bolger et al., 2014) . Adapters and low quality read regions with average quality below 13 over a 4 base window were removed. Only reads with a trimmed length over 30 bases were used in further analysis. The number of paired-end reads and unpaired reads in each sample is shown in Supplementary Table S1 . Cleaned reads were assembled by BinPacker (version 1.0), Bridger (r2014-12-01), IDBA-tran (version 1.1.1), Oases-Velvet (version velvet 1.2.10 and oases 0.02.08), SOAPdenovo-Trans (version 1.03), SSP (no version information), Trans-ABySS (version 1.5.1) and Trinity (version 2.0.6) using parameters recommended by the authors (except as noted in the text).
2.3 Base coverage, gene coverage, chimeric sequences and number of recovered full length genes We compared each de novo assembly to the Arabidopsis thaliana reference genome (http://plants.ensembl.org/Arabidopsis_thaliana, TAIR version 10.20 database) using BlastN (Altschul et al., 1990) with default settings (Blast version 2.2.29þ). We filtered hits by two criteria: identity score 97%; and aligned length 100 bases. We used a locally developed Perl script to calculate coverage and the number of chimeras, as described in Results.
Alignment and quantification
RSEM Li and Dewey, 2011) program (version 1.2.11) was used to align and quantify gene level expression with bowtie2, and the very sensitive setting.
Differential expression gene analysis
The edgeR package (Robinson and Smyth, 2007) was used to determine differential expression. Only genes with observed counts bigger than 4 CPM across all samples were analyzed.
Results
Basic statistics of de novo transcriptome assembly
We assembled transcriptomes by BinPacker, Bridger, IDBA-tran, Oases-Velvet, SOAPdenovo-Trans, SSP and Trans-ABySS and Trinity. Genome and transcriptome assembly programs are strongly affected by the length of overlapping sequence used to align the sequence reads. This parameter is commonly referred to as the k-mer. In BinPacker, Bridger, SSP, only one k-mer size (25) was used. In Trinity, two k-mer sizes (25, 32) are available. IDBA-tran, OasesVelvet and SOAPdenovo-Trans support multiple k-mer choices (we used 25, 31, 41, 51, 61, 71) . For Trans-ABySS, we used k-mer 25, 32, 42, 52 and 62. In addition, we also produced a meta-assembly, an assembly in which all the assemblies at different k-mer lengths are combined into a single assembly, for both Oases-Velvet and Trans-ABySS. In total, we performed 30 de novo transcriptome assemblies.
A summary of the characteristics of the assemblies produced by each program (and k-mer) is shown in Supplementary Table S2 . The number of predicted transcripts generally decreases when k-mer size is increased.
For example, for Oases-Velvet, the number of predicted transcripts dropped from 128 483 with k-mer 25 to 45 397 with k-mer 71 (Fig. 1a, Supplementary Table S2 ). Trans-ABySS generally produced the highest number of predicted transcripts (Fig. 1a) , but the distribution of predicted transcript length in SSP, SOAPdenovoTrans and Trans-ABySS assemblies was left skewed due to a large number of short predicted transcripts (Supplementary Table S2 ). As a result, the minimum, first quartile, median, mean and third quartile length in SOAPdenovo-Trans, SSP and Trans-ABySS were shorter than that in Binpacker, Bridger, IDBA-tran, Oases-Velvet and Trinity, but the maximum predicted transcripts lengths were all similar except for the SSP assembly, which has a very short maximum predicted transcript length (Supplementary Table S2 ).
There is a clear relationship between genes and isoforms in BinPacker, Bridger, Oases-Velvet, SOAPdenovo-Trans, SSP and Trinity, which is an advantage in the downstream analysis. For example, in Trinity (version 2.0.6), a gene unit might be designated TR1jc0_g1, and the multiple isoforms designated as TR1jc0_g1_i1, TR1jc0_g1_i2 and so on. This relationship is not clear in IDBA-tran and Trans-ABySS. Comparing the number of predicted genes in each assembly, Oases-Velvet produced a number of predicted genes ranging from 15 353 (long k-mer) to 28 346 (short k-mer); the latter number is closer to the expected number of genes based on the Arabidopsis thaliana reference genome annotation (Supplementary  Table S2 ). BinPacker, Bridger, SOAPdenovo-Trans, SSP and Trinity tend to predict more genes than seem plausible; there are 31 775 transcripts listed in the Arabidopsis reference gene annotation file, and one does not expect all transcripts to be present in every sample.
Base and gene coverage of de novo transcriptome assemblies
In order to estimate the quality of the de novo assemblies, we compared each assembly with the Arabidopsis thaliana reference genome annotation. We defined three measures of transcriptome quality: reference-genome base coverage (fraction of bases of the reference genome covered by the transcriptome assemblies), transcriptome-assembly base coverage (fraction of bases of the transcriptome assembly covered by the reference genome) and reference-genome gene coverage (fraction of annotated genes in the reference genome covered, completely or in part, by transcriptome assembly). We also used the Arabidopsis thaliana cDNA file (TAIR 10.20) as a control in calculating coverage.
Overall, SOAPdenovo-Trans had the highest reference-genome base coverage at all k-mer sizes (Fig. 1b, Supplementary Table S3 ). When k-mer was 25, Trinity ranked the second highest in reference Reference genome base coverage decreased from k-mer 25 to k-mer 32, and then increased from k-mer 32 to k-mer 62, but dropped again in the meta-assembly (Fig. 1b, Supplementary Table S3 ). Bridger and IDBA-tran had reference genome base coverage similar to Trans-ABySS and Oases-Velvet at k-mer 25, but SSP had a very low coverage (14.99%), which probably is due to small number of predicted transcripts in the SSP assembly.
The trend of transcriptome-assembly base coverage is uniform. Coverage increases with k-mer size, but drops in both metaassemblies. At every k-mer length, Oases-Velvet assemblies had higher coverage than assemblies made by other methods. Actually, all of the de novo assemblies had similar transcriptome-assembly base coverage of around 90% with the exception of SSP, which only showed 84% (Fig 1c, Supplementary Table S3 ).
In the Arabidopsis gene annotation, some annotated genes have overlapping regions (for instance, convergent genes on different strands), which will lead to assembly programs producing a single predicted transcript in this region when the data is not strandspecific, as is the case here. Thus, in order to better estimate the coverage, we combined overlapping genes into gene blocks. A total of 30 039 blocks were produced from the original 31 775 genes. Reference-genome gene coverage ranged from 57.64% to 71.14% across the 30 assemblies (Supplementary Table S3 ). Since the RNA samples were obtained from the entire aerial portion of the plant, this degree of coverage seems reasonable. Trans-ABySS showed the highest gene coverage in all single k-mer assemblies and in the metaassemblies (Fig. 1d) . Again, IDBA-tran, Oases-Velvet, SOAPdenovoTrans and Trinity showed decreases in gene coverage as k-mer size increased, which follows the same trend as the reference-genome base coverage. Both meta-assemblies (Trans-ABySS and OasesVelvet) showed higher coverage than any single k-mer size.
Chimeric sequences in de novo transcriptome assemblies
Chimeric transcripts, where reads from two different genes are combined into a single transcript, are common in de novo assemblies. We do not consider transcripts that have overlapping regions, as discussed above, to be chimeric. We define two scenarios for chimeric predicted transcripts. First, a predicted transcript that has multiple matches to the reference genome on different chromosomes is clearly chimeric. Second, an assembled transcript that has matches on the same chromosome, but the matches are separated by 10 000 bp or more, is considered to be chimeric, because most genes in Arabidopsis are much less than 10 000 bases long ( Supplementary Fig. S1 ).
Among the 30 transcriptome assemblies, the number of chimeric transcripts ranged from 741 to 40 640, and the percentage of chimeric transcripts (calculated by number of chimeric transcripts divided by number of predicted transcripts in each assembly) ranged from 0.23% to 13.95% (Supplementary Table S4 ). Oases-Velvet produced the highest number of chimeric transcripts at different k-mer sizes, especially in its meta-assembly (Fig. 1e) . At a k-mer size of 25, BinPacker and Bridger had the highest percentage of chimeras over 9% (Fig. 1f, Supplementary Table S4 ). All other programs tend to produce similar percentages of chimeras from 1% to 3% (Fig. 1f , Supplementary Table S4) .
We expected to see that the use of larger k-mer sizes in the assemblies would result in fewer chimeras, but this was only observed in the Oases-Velvet and Trinity assemblies. Interestingly and surprisingly, IDBA-tran, Trans-ABySS and SOAPdenovo-Trans showed the opposite trend, the percentage of chimeras increased with k-mer size (Fig. 1f, Supplementary Table S4 ), although IDBAtran, Trans-ABySS and SOAPdenovo produced fewer chimeric transcripts than Oases-Velvet at all k-mer sizes. We found that IDBA-tran, SOAPdenovo-Trans and Trans-ABySS all tend to produce a stable number of chimeras for all k-mer sizes. Due to stable number of chimera produced, this results in a relatively stable percentage of chimeras in these three programs.
Number of recovered full-length transcripts and detonate score
We also calculated the number of recovered full-length transcripts by matching each assembled transcript to the Arabidopsis cDNA using BlastN. An assembled transcript that covers a reference transcript length over 80% of its length, with 97% identity, and alignment length over 100 bases, is considered to be a full-length recovered transcript. In total, there are 41392 of transcripts in the Arabidopsis cDNA file. The number of recovered full-length transcripts ranged from 13600 to 28967, TransABySS and IDBA-tran performed best, SSP was the worst (Fig 2a) .
The Detonate program (Li et al., 2014) has recently been introduced to evaluate transcriptome quality; we applied Detonate (version 1.10) to all of the assemblies. Detonate calculates an overall score, the higher the score, the better the assembly. From the result, we can see that Trinity rank highest, and SSP worst (Fig 2b) . The results are highly consistent with ours: Trinity and SOAPdenovo-trans performed best, and SSP was the worst. Unfortunately the overall DETONATE score gives little insight to why SSP was the worst. However, from our evaluation metrics, we can clearly see that SSP predicts a smaller number of long transcripts and has low coverage of the known transcripts.
Alignment in de novo transcriptome assembly
After completing transcriptome assembly, the next step in a typical analysis is to align reads either to the reference genome or de novo assembled transcriptome (Trapnell and Salzberg, 2009 ). We used RSEM to align the reads to both de novo transcriptome assemblies and reference genome. Thus, read alignment was performed using the reference genome and 19 de novo transcriptome assemblies (the intermediate k-mer size 31 and 51 were not used), including BinPacker, Bridger, IDBA-tran (k-mer 25, 41, 61), Oases-Velvet (kmer 25, 41, 61 and Meta-assembly), SOAPdenovo-Trans (k-mer 25, 41 and 61), SSP, Trans-ABySS (k-mer 25, 42, 62 and Metaassembly) and Trinity (k-mer 25, 32).
The fraction of RNA-Seq reads that align to the reference is called the alignment rate. From the RSEM alignment result, we obtained the alignment rate for each sample and transcriptome assembly. Overall, the alignment rate increased when k-mer size increased (Fig. 2c) . The Arabidopsis thaliana reference genome had the best alignment rate, about 90%. At k-mer 25, BinPacker, Bridger and Trinity performed similarly to the reference genome. Across alignments at all k-mer sizes, Trans-ABySS had the highest alignment rate (93.44% for the Trans-ABySS meta-assembly). SSP performed the worst with only a 1% alignment rate (Supplementary Table S5 ). Due to this, we did not further analyze the SSP assembly in downstream analyses.
Differential gene expression analysis
CDK8 and Med18 are components of the mediator complex in plants and are expected to affect response to pathogens (Lai et al., 2014; Zhu et al., 2014) . We expect that genes regulated by the plant mediator complex or those involved in pathogen response pathways would be identified as differentially expressed in this RNA-Seq analysis since the experiment involves a pathogen challenge. We define significant DEG by two criteria: false discovery rate less than 0.1, and log 2 fold-change larger than 62. The number of DEG identified with each program vary widely (Supplementary Table S6 ). However, simply comparing the numbers of significant genes among different assemblies is not sufficient to explain the differences seen in predicted DEG with the de novo assembly programs. We are more interested in whether the DEG identified by the de novo assemblies were the same as those identified in the reference genome-based analysis. Thus, we used BlastN to match each significantly differentially expressed predicted transcript from the de novo assemblies to the Arabidopsis thaliana reference genome. Then, we determined the number of matched genes identified as significant DEG in each de novo transcriptome assembly (Supplementary Table  S6 ). In general, de novo assemblies tends to identify more significant DEG than the reference genome-based approach, but around 70% of significant DEG were found by both reference and de novo approaches. The overlap with the reference genome-based DEG increases with k-mer size for assemblies made with Trinity, OasesVelvet and SOAPdenovo-Trans, suggesting that larger k-mer size may improve both the assemblies and downstream analyses. However, this trend was not observed in the IDBA-tran and Trans-ABySS transcriptome assemblies. This could be due to the relationship between genes and isoforms is not clearly indicated by these two programs, which leads to a less accurate estimation of the expression level for a 'gene'.
3.7 Unique DEG (uDEG) identified by de novo transcriptome assembly but not by reference genome-based approach More importantly, we found that some DEG were uniquely identified by de novo transcriptome assembly programs, but not by the reference genome-based approach. Some of these genes appear to be biologically relevant, and were identified as being significant differentially expressed in multiple de novo assemblies and at multiple kmer sizes (Supplementary Table S7 ). We examined the uDEG (total number: 271) to determine why the de novo-based and reference genome-based approaches differ (Supplementary Fig. S2 ). The first reason is a threshold effect. Because we use two criteria (log 2 (FC) 62 and FDR 0.01), some genes are close to one or both thresholds. The expression of these genes can easily fall on one side or the other of the threshold in analyses based on different reference transcriptomes. These genes account for 27% of the uDEG. Furthermore, 24 genes (9%) have overlap with the neighboring genes, which causes a labeling difference that makes them appear unique in the de novo assemblies. In addition to the technical issues described above, the other common issue in RNA-Seq is low coverage observed for certain genes; 25% of uDEG show low coverage with observed counts smaller than 4 CPM across all samples ( Supplementary Fig. S2 ). A few transcripts corresponding to transposable elements and pseudo genes (7%) were also identified in the de novo assemblies.
The remaining 32% of uDEG do not differ for merely technical or methodological reasons, that is, they may be biologically relevant. We visually inspected the reads mapped to these transcripts, and the corresponding genomic region, using the IGV program (Robinson et al., 2011; Thorvaldsd ottir et al., 2013) to determine the cause of the differences between the reference and de novo based approaches. Four major reasons that explain the differences between the reference genome and de novo transcriptome based analyses were observed. First, incomplete annotation of the reference genome, especially of UTR regions is a significant factor. We observed that many UTR regions were clearly transcribed, resulting in significantly longer assembled transcripts. For example, AT4G14365, is annotated as beginning at base 8 271 464, and ending at base 8 273 765 (2302 bases) on chromosome 4. But the de novo assembly programs identify a transcript covering bases 8 271 397 to 8 273 889 (2493 bases) (Fig. 3a) . Due to the larger size of the gene in the de novo transcriptome reference, the expression level is observed to be higher than that in the analysis based on the reference genome. The second reason for differences between reference and de novo assembly based analyses are exon level differences in expression level. For example, AT1G64790 (ILITHYIA, ILA), a plant immunity gene with 66 exons (18 492 base), was identified as significantly differentially expressed in 16 of the de novo transcriptome based analyses (Supplementary Table S7 ). This is due to a very large difference in the expression of the second to last exon (Fig. 3b) . The reference genome-based analysis includes the entire 18 kb transcript region; expression levels for most of the exons are low in both wt and mutant samples. The large differences in expression of this exon are essentially averaged over the much longer 18 kb region, resulting in it not being identified as a significant DEG. But in the de novo assemblies this exon generally assembled as a unique predicted transcript; the remainder of the annotated exons are not included because of their low read coverage. Thus in the de novo based analyses this gene appears differentially expressed. It is not clear what is going on in this region: there may be a second promoter that drives transcription from an internal promoter, or this region of the primary transcript may be stabilized by an unknown mechanism. In any case, this gene is known to be involved in systemic acquired resistance induced by bacterial pathogens (Monaghan and Li, 2010) , exactly the challenge that was used in this experiment. The third reason for differences is fragmentation, in which a gene, such as AT3G45860 (Fig. 3c) , is assembled into two or more separate transcripts. Due to apparently random differences in read coverage, the separately assembled 3 0 transcript region is detected as differentially expressed, while the entire gene region examined in the reference genome based analysis is not. This difference is therefore partly due to a threshold effect; shorter assembled transcripts necessarily have fewer mapped reads and random variability is higher for low read counts. The fourth reason is poor or incorrect annotation of the reference genome. For example, AT3G27330 is identified as DEG in 9 different de novo transcriptome based analyses (Fig. 3d ). This region is annotated as a zinc finger gene, however, in the de novo assemblies, it is consistently assembled as two separate genes. These predicted transcripts match to separate pfam (Finn et al., 2014) motifs; the left transcript matches a glycosyltransferase domain (PF01697) and the right transcript matches a zinc finger motif (PF00097). Except for genomes whose annotation is based directly on the Arabidopsis gene annotation, these domains do not appear to occur in the same protein. Together with the transcription pattern, this strongly suggests that these are, in fact, two separate genes. In the de novo transcriptome analysis, one is clearly seen to be differentially expressed while in the reference genome based analysis, averaging over a longer region makes the gene appear to be not DE.
Discussion
In this study, we focus on evaluating de novo transcriptome assembly quality and the effect of transcriptome quality on downstream DE analysis. In the upstream analysis of assembly quality, it is obvious that some metrics used in genome assembly are not suitable for transcriptome assembly, in particular, N50, NG50 and assembly size are inappropriate because longer sequences or larger total assembly size do not indicate a better transcriptome assembly; indeed, these may indicate a high level of overjoining or chimerism. We observed that base coverage of the reference genome decreases as k-mer size is increased (Fig. 1b, c) . When k-mer size is increased in de novo assembly, some low expression transcripts may be lost because some reads cannot be overlapped due to sequencing errors, reducing the already limited overlap and read coverage. A similar argument may be made with respect to gene coverage (Fig. 1d) . However, at larger k-mer sizes, assembly programs should produce more accurate predicted transcripts due to the longer overlapping regions between reads. Thus, some misassembled transcripts produced at lower k-mer sizes should be removed. This is likely to increase the coverage of the transcriptome by the reference genome. Thus, increasing k-mer size is one of the most important approaches to improving assembly quality in all programs. Somewhat surprisingly, the number of chimeric transcripts identified using the latest version of Trinity was much smaller than seen previously (Yang and Smith, 2013) , which suggests that Trinity has been significantly improved. While all of the transcriptome assembly programs perform well by some quality metrics, SOAPdenovoTrans (k-mer ¼ 25), which produces a less excessive number of predicted transcripts, but with high reference genome base coverage, reference gene coverage, assembly base coverage and read alignment rate appears to be the best general choice for the Arabidopsis data used here (Table 1) . Trinity, while ranking below SOAPdenovo-Trans in most categories, also performs consistently, and has the highest read alignment rate of all the de novo assembly programs. In addition, although there are packages that can evaluate assemblies using statistical models, it is difficult to understand the biological differences between assemblies based on these summary analyses.
In the downstream DE analysis, through our comparisons between reference genome and de novo assembly, genes identified in the reference but NOT in de novo assembly represent around 10% of the differentially expressed genes. These genes generally have either poor annotation, overlap with their neighboring genes, or are not biologically interesting (Supplementary Table S8 ). Thus, we focused more on the genes identified in the de novo but NOT in the reference assemblies. Some DEG are identified only by the de novo based analyses, and about a third of these uDEG appear to be non-trivial and, based on the gene annotation, of possible biological relevance. Four major reasons for differences between the reference genome and de novo transcriptome based analyses were identified, including incomplete reference annotation, exon level expression differences, fragmentation of low coverage transcripts and incorrect reference annotation. Many genomes, particularly of less common model organisms or non-model organisms, are less complete and more poorly annotated than that of Arabidopsis. The presence of these effects/concerns in an Arabidopsis study suggest that it would be generally useful to conduct both reference genome and de novo transcriptome based analyses, even when a reference genome is available. 31,41,51,61,71 25,31,41,51,61,71,meta 25,31,41,51,61,71 25 25,32,42,52,62,meta 25,32 Number of transcripts  7  11  1 ,3,4,6,9,10 2,5,12,17,19,20,26 8,13,15,18,21,22 24 23,25,27,28,29,30 13,16,17,18,21 10,14,22,23,24,25,27 1,2,3,4,11,20 30 7,9,19,26,28,29 5,6 Assembly base coverage a 21 22 2, 6,9,10,12,14, 1,3,5,7,11,13,16 4,8,15,18,20,23, 30 17,19,25,26,28.29 24,27 Reference gene coverage   a   18 12 14, 15, 17, 19, 21, 26 22, 23, 24, 25, 28, 29, 30 5, 6, 9, 13, 16, 20 27 1, 2, 3, 4, 7, 11 8, 10 Chimerism a 30 28 6, 10, 11, 13, 18, 19 22, 23, 24, 25, 26, 27, 29 8, 9, 14, 15, 16, 17 3 1, 2, 4, 5, 7, 12, 20, 21 Number of recovered genes 8 6 10, 11,13,14,16,19 9,20,21,22,23,25,26 1,2,3,7,15,18 30 12,17,24,27,28, The number indicates the rank among 19 assemblies 1 is the best, 19 is the worst.
